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Abstract 
This study develops a unified stock market trading model, which is based 
on a combination of technical trading rules and time series forecasts. The 
assuming success of such a model is dependent on the different 
predictable components of the abovementioned methods. The technical 
trading analysis’s validity is derived from the Dow Theory about trends’ 
persistence, while stock markets’ characteristics such as volatility clusters 
can be captured by GARCH processes. Buy (Sell) signals is going to be 
generated through the combined model, with investors taking long 
positions on buy signals and short positions on sell signals. Applied to 
daily data (last prices) over an almost ten year period, the combined 
model outperforms in most cases the technical and econometric model 
predictions, but it fails to offer statistically significant better returns than 
the benchmark “buy-and-hold” model. Possibly, the efficient market 
hypothesis holds. 
 
1. INTRODUCTION	  
 
There has been an ongoing segregation between two schools of thought, 
the technical analysts and fundamentalists. On the one hand, the 
fundamentalists analyze the financial environment taking into 
consideration some crucial aspects of the economy that a “candidate” 
company belongs to, and then evaluate a stock mainly using ratio analysis 
and checking the ability of a company’s management to create value 
through an optimal strategy. On the other hand, technical analysis ignores 
fundamentals. Technical analysts look for “patterns” and “trends” on the 
graphs of stocks’ prices, intending to take advantage of the average 
investor’s feelings like fear, hope or arrogance. Below, a more specific 
definition of Technical Analysis is provided by a leading technical 
analyst, Pring (2002, p. 2).  
 
“The technical approach to investment is essentially a reflection of the 
idea that prices move in trends that are determined by the changing 
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attitudes of investors toward a variety of economic, monetary, political, 
and psychological forces. The art of technical analysis, for it is an art, is 
to identify a trend reversal at a relatively early stage and ride on that trend 
until the weight of the evidence shows or proves that the trend has 
reversed”. 
 
To explain the whole story, during 1960 decade Professor Fama 
developed the random walk theory. As far as random walk theory is 
concerned, it accepts that the prices’ movements in the stock markets are 
random and unpredictable. So, we could accept that the investments in 
the stock market should be considered as wrong and really “dangerous”. 
It’s like playing cards. The random walk theory has its origins to the 
hypothesis of the efficient market theory. According to the efficient 
market theory, financial information is randomly generated and 
supposing that prices are reacting instantly to that new information, prices 
are random too.  
 
The fundamentalists like technical analysts are rejecting the random walk 
theory, rejecting at the same time the efficient market hypothesis. They 
agree that the financial information is randomly generated, but the prices’ 
reaction is not immediate. At first, the so called “smart money”, i.e. the 
institutional investors and the insiders are going to react by buying or 
selling a stock, and after that the average investor will follow, because of 
limited time and access to information compared to the “smart money”, 
buying (selling) the stock at a higher (lower) price. So, the time 
difference in reaction between the “big fish” and the average investor is 
the reason behind the “trend” creation.  
 
The above distinction between “smart money” and the “average investor” 
is the most important of the six basic cores of Dow Theory provided at 
about 1900. Charles Dow is considered as the father of technical analysis. 
According to Dow Theory, all the past, present and future fundamental 
factors determining supply and demand of a stock are depicted in a 
stock’s price. Moreover, the stock market has three trends. Dow divide 
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the three trends into the main one, lasting 1 to 3 years, the secondary one, 
lasting 1 to 3 months and the minor one, lasting 1 to 3 weeks. 
Additionally, Dow used to support that if an industry is trying to resist a 
big bull (upward trend) or bear market (downward trend), it will 
definitely follow the general trend at the end. Volume confirms the trend. 
In a bull market, when we observe positive returns the volume is much 
higher than the days we observe negative returns. On the contrary, in a 
bear market, when we observe negative returns the volume is much 
higher than the days we observe positive returns. Finally, a bull or bear 
market is always “here” in anticipation of reversal signals.  
 
But, the time difference in reaction is not the only reason behind the trend 
theory, dozens of wrong information or just rumors are prevailing in the 
stock market, driving to a bull or bear market and proving the 
inefficiency of the stock market. The most important blame for the Dow 
Theory is that it gives delayed buy (sell) signals, especially when a filter 
band is added in the analysis, in an attempt the “whiplash” transactions to 
be avoided. 
 
Both theories, i.e. “random walk” and “trend” theory have their 
supporters, but who is right? According to the Statistical Science, a 
crystal clear answer is difficult to be given. 
 
Until today, numerous studies have tried to analyze and propose models 
for taking advantage of the opportunities that past prices of stocks or 
indices offer. Some of those studies focused on the performance of 
technical tools, whereas others checked the efficiency of quantitative 
tools. Such an approach could be unsatisfactory, as these different 
techniques capture different predictable components. So, there is a need 
for combinations of different techniques, trying to capture the various 
forces that influence the “direction” of a stock or an index. The aim of 
this study is to combine technical analysis and econometrics into a 
unified theory, trying to prove that this is a superior approach. 
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The general goal is to provide an innovative model that will generate buy 
(sell) signals concerning the stock prices, by merging the most traditional 
technical rule, i.e. unweighted (simple) Moving Average, and 
econometric models renowned for capturing stock market volatility, i.e. 
Generalized Autoregressive Conditional Heteroskedasticity (GARCH) 
models. More specifically, buy and sell signals will first be generated 
using eight different technical trading rules. After that we will produce 
forecasts using a GARCH model. Forecasts produced by the GARCH 
model will generate buy (sell) signals. Finally, we are going to compare 
the signals of each method with the purpose to produce signals deriving 
from the combination of the two different trading rules. Furthermore, 
these rules’ ability to capture the predictability of asset returns will be 
tested. The significance of the returns generated by each trading rule will 
be evaluated by the student t-distribution. 
 
For the sake of our analysis, we are going to use three of the most 
important Indices in the world, the Dow Jones Industrial Average Index 
(INDU), the NASDAQ Composite Index (CCMP) and the S&P 500 
Index (SPX). As stated in this section, the purpose of this study is to 
examine the predictability of three different stock market Indices by 
combining technical analysis and quantitative econometric forecasting 
techniques in an attempt to became more cost efficient, thus enhancing 
profitability. The second section deals with a review of supporting 
literature relevant to this topic. Data requisites, methods and procedures 
of the study are presented in the third section, followed by the results of 
the empirical investigation and interpretation in section four. The final 
section of the study summarizes key findings and provides suggestions 
for further research. 
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2.	  LITERATURE	  REVIEW	  AND	  THEORETICAL	  
FRAMEWORK	  
 
The purpose of this section is to offer a literature overview of the 
profitability and the predictive power of technical analysis and 
econometrics. According to Park and Irwin (2007), the empirical 
literature is categorized into two groups, ‘early’ and ‘modern’ studies. 
Early studies indicate that technical trading strategies are profitable in 
foreign exchange markets and futures markets, but not in stock markets. 
Modern studies indicate that technical trading strategies consistently 
generate economic profits in a variety of speculative markets at least until 
the early 1990s. Among a total of 95 modern studies, 59% of the studies 
find positive results regarding technical trading strategies, 21% of the 
studies obtain negative results, and 20% of the studies indicate mixed 
results. Despite the positive evidence on the profitability of technical 
trading strategies, most empirical studies are subject to various problems 
in their testing procedures, e.g. data snooping, ex post selection of trading 
rules or search technologies, and difficulties in estimation of risk and 
transaction costs. Park and Irwin (2007) divide modern studies into seven 
categories.   
 
i) Standard Studies 
In standard studies, technical trading rules are optimized based on a specific 
performance criterion and out of sample verification is implemented for the 
optimal trading rules (Park and Irwin, 2007). The parameter optimization 
and out-of-sample verification are significant improvements over early 
studies, in that these procedures are close to actual trader behavior and may 
partially address data snooping problems (Jensen, 1967; Taylor, 1986). Data-
Snooping occurs when a given set of data is used more than once for 
purposes of inference or model selection (Ryan Sullivan, Allan 
Timmermann and Halbert White, 1999). Studies in this category incorporate 
transaction costs and risk into testing procedures and conduct conventional 
statistical tests of significance on trading returns (Park and Irwin, 2007). 
Among standard studies, Lukac et al.’s (1988) work can be regarded as 
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representative (Park and Irwin, 2007). According to Park and Irwin (2004 & 
2007), in terms of Standard Studies, technical trading rules such as moving 
averages and closed channels, yielded profits in speculative markets. Some 
did not explicitly address data-snooping problems. 
 
ii)   Model-based Bootstrap Studies 
Model-based bootstrap studies apply a bootstrap methodology to test 
statistical significance of trading profits. Although some other recent studies 
of technical analysis use bootstrap procedures, model-based bootstrap 
studies differ from other studies in the sense that they typically analyze part 
or all of the trading rules (the moving average and the trading range break-
out) that Brock et al. (1992) examined (Park and Irwin 2007). The study of 
Brock et al. (1992) is considered one of the most influential works on 
technical trading rules among modern studies, mainly because of consistent 
and positive findings. 
 
Brock et al. (1992) apply the model-based bootstrap approach to overcome 
the weaknesses of conventional t-tests when financial returns have 
distributions known to be leptokurtic, autocorrelated, conditionally 
heteroskedastic, and time varying. In this approach, returns conditional on 
buy (or sell) signals from the original series are compared to conditional 
returns from simulated return series generated by widely used models for 
stock prices, like an autoregressive model of order one (AR (1)), a 
generalized autoregressive conditional heteroscedasticity in-mean model 
(GARCH-M) and an exponential GARCH (EGARCH) (Park and Irwin, 
2007). Regarding this kind of studies, technical trading rules, such as 
moving averages and trading range break were profitable in several 
emerging markets, but not in developed markets (Park and Irwin 2004 & 
2007). 
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iii) Reality Check Studies 
Building on work of Diebold and Mariano (1995) and West (1996), White 
(1999) provides a procedure to test whether a given model has predictive 
superiority over a benchmark model after accounting for the effects of data-
snooping (Ryan Sullivan, Allan Timmermann and Halbert White, 1999). 
White’s (2000) Bootstrap Reality Check test and Hansen’s (2005) Superior 
Predictive Ability (SPA) test provide comprehensive tests across all trading 
rules considered and directly quantify the effect of data snooping by testing 
the null hypothesis that the performance of the best trading rule is no better 
than the performance of the benchmark (Park and Irwin, 2010). The best 
trading rule is found by searching over the full set of trading rules and 
selecting the rule that maximizes a pre-determined performance criterion e.g. 
mean net return (Park and Irwin, 2007). According to this kind of studies, 
technical trading rules might be profitable in the stock market until the 
middle of 1980, but not thereafter (Park and Irwin, 2004 & 2007). 
 
iv) Genetic Programming Studies 
Genetic programming is a search technique introduced by Koza (1992). It is 
useful in finding a symbolic structural model that characterizes the 
dynamical behavior of sequential datasets (M.A Kaboudan, 1999). The 
method was pretty successful in finding the underlying data-generating 
process in a lot of areas if properly used. According to Park and Irwin 
(2007), in this procedure, a computer randomly generates a set of potential 
solutions for a specific problem and then allows evolution over many 
successive generations under a given fitness performance criterion. Solution 
candidates that satisfy the fitness criterion are likely to reproduce, while ones 
that fail to meet the criterion are likely to be replaced. When applied to 
technical trading rules, the building blocks of genetic algorithms consist of 
various functions of past prices, numerical and logical constants, and logical 
functions. This method provides a crucial advantage relative to traditional 
approaches for testing technical trading rules, as it examines a search space 
composed of logical combinations of trading systems or rules, avoiding the 
investigation of a predetermined parameter space of technical trading 
systems. According to Park and Irwin (2004 & 2007), the abovementioned 
method, attempted to avoid data-snooping problems by testing ex ante 
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optimized trading rules. Genetic Programming was more successful in 
foreign exchange markets. 
 
 
v) Non-Linear Studies 
Motivation for non-linear studies comes from the fact that the popular linear 
models analyzed by Brock et al. (1992) fail to explain the temporal 
dynamics of technical trading returns (Gençay and Stengos, 1997, p. 25).  
Gençay 's (1995) results indicate that linear models of past buy-sell signals 
provide additional forecast improvement for current retums and the amount 
of forecastability is much more evident in non-linear conditional mean 
specifications (Gençay, 1996). (Gençay, 1999) investigates the non-linear 
predictability of asset returns further by incorporating past trading signals 
from technical trading rules, i.e. moving average rules, or lagged returns into 
a feed-forward neural network or nearest neighbor regression (Park and 
Irwin, 2007). The research results are indicative of the competence of a feed-
forward network model and its nearest neighbor regression model to 
outperform both the random walk and a GARCH (1, 1) model. In terms of 
general findings, technical trading rules possessed profitability in both stock 
and foreign exchange markets (Park and Irwin, 2004 & 2007). 
 
vi) Chart Pattern Studies 
Chart Pattern Studies test the forecasting ability of chart patterns used by 
technical analysts. According to R. A. Levy (1971), one of the most 
important problems regarding Chart Pattern Studies is the definition of a 
“reversal point”. Technical patterns, also called chart patterns, are 
considered as non-linear patterns (Omrane and Van Oppens, 2005). Familiar 
chart patterns, with names typically derived from their shapes in bar charts, 
are gaps, spikes, flags, pennants, wedges, saucers, triangles, head-and-
shoulders and various tops and bottoms (Park and Irwin, 2007). Overall, the 
results of chart pattern studies vary depending on patterns, markets and 
sample periods tested, but suggest that some chart patterns might be 
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profitable in stock and foreign exchange markets (Park and Irwin, 2004 & 
2007). 
 
vii) Other Studies 
Studies in this category do not really belong in any of the previews 
categories.   They are most similar to early studies, in that trading rules 
generally are not optimized; out of sample verification typically is not 
undertaken, and data snooping problems are ignored (Park and Irwin, 2007). 
Some proper examples are Nelly (1997), Pruit and White (1988), and Pruit et 
al. (1992). According to this kind of studies, trading rules were profitable in 
stock and foreign exchange markets (Park and Irwin, 2004 & 2007). 
Possibly, data-snooping was the reason for these successful findings. 
 
As far as stock market is concerned, regarding the most frequently tested 
series in the literature, DJIA (INDU), some of the Studies’ findings showed 
that technical trading rules was profitable until the late 1990s, but not 
thereafter. The most reliable technical trading rules were variable moving 
average indicators. For several emerging markets, moving average rules 
generate valuable annual net profits until the middle of 1990s. For most 
information refer to Park and Irwin (2004 & 2007). 
 
So, after 1990s, the competence of technical trading rules to generate 
profitable buy (sell) signals challenged strongly enough. That was the reason 
for new approaches to financial modeling to be emerged. For example, a 
promising trading system embedding technical analysis into neural network 
based trading systems introduced by Chenoweth, Obradovic and Lee (1996); 
Kohara et al. (1997), investigating ways to use prior knowledge and neural 
networks to improve multivariate prediction ability.  
 
Apart from the abovementioned new approaches, Fang and Xu (2002) 
investigated the predictability of asset returns in an approach combining 
technical analysis and econometrics. In their study, it is analyzed how 
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trading strategies can be developed by incorporating technical trading rules 
and time series forecasts in a unified model, trying to demonstrate the ability 
of the unified model to identify different predictable components. Fang and 
Xu (2002) seem to consider Brock et al. (1992) work as benchmark. The 
empirical investigation documented by Fang and Xu (2002) is of particular 
inspiration to the work of this study.  
 
3. DATA ANALYSIS AND METHODOLOGY 
  
This section discusses the techniques used to develop the technical 
trading rules and the time series forecasting models. Hopefully, the 
combination of these models is going to provide better forecasting 
signals, allowing investors to optimize their trading system by making 
profitable trading decisions based on different predictable components 
captured by these models. 
 
i) Data 
The database is composed of 5.182 observations from each of the three 
Indices, NASDAQ, Dow Jones Industrial Average and S&P 500 (from 4 
January 1993 to 30 July 2013), represented by the daily last1 prices. For 
the collection of the daily last prices Bloomberg database was used. The 
examined Indices are sufficiently representative of the whole American 
market, and they are three of the most important Indices in the world. 
 
Initially, last daily prices should be transformed to logarithmic returns 
r(t)2. Below, daily logarithmic returns of the three examined Indices are 
plotted in order to be checked for volatility clustering. Volatility 
                                                                                                                          
1  The price you see at the moment of the close may not truly be the last trade. With many stocks trading 
heavily at the close, a few minutes are required to process orders and determine which among them the 
last trade was. Depending on the exchange or quote service, these trades may be posted anywhere from 
30 seconds to 30 minutes after the closing bell. 
2  Logarithmic returns are often used by academics in their research. The main advantage is that the 
continuously compounded return is symmetric, while the arithmetic return is not. Another advantage of 
logarithmic returns or continuously compounded returns is that they are time additive. 
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clustering describes the tendency of large changes in asset prices (of 
either sign) to follow large changes and small changes (of either sign) to 
follow small changes (Brooks, 2008 p. 387). In other words, we would 
say that volatility tends to be autocorrelated. This phenomenon is 
common to many series of financial asset returns. The whole used sample 
is examined here. 
Figure 1: Evidence of volatility clustering in the log returns of the 
NASDAQ 
 
Figure 2: Evidence of volatility clustering in the log returns of the 
DJIA 
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Figure 3: Evidence of volatility clustering in the log returns of the S&P 
500 
 
 
Indeed, the conclusion is that volatility is autocorrelated. It is unlikely in 
the context of financial time series that the variance of the errors will be 
constant over time, and hence it makes sense to consider a model that 
does not assume that the variance is constant, and which describes how 
the variance of the errors evolves (Brooks, 2008 p. 386). This model 
should be an ARCH model. In the context of the ARCH model, volatility 
autocorrelation is modeled by allowing the conditional variance, σ2t, of 
the error term to depend on the immediately previous value of the squared 
error, α1 u2t-1 (Brooks, 2008 p. 388). Below, the simple ARCH (1) model 
equation is presented. Of course, it is only a partial model since the 
conditional mean is missing. 
σt2=α0 + α1 u2t-1 
 
But, a GARCH model, and not an ARCH one, should be used in this 
work. The reason for using GARCH model instead of an ARCH one will 
be discussed later in this section. It is obvious that the volatility of 
Indices’ logarithmic returns is autocorrelated, but a more “official” test 
should be conducted in order to see if the current level of volatility tends 
to be positively correlated with its level during the immediately preceding 
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periods. A test for determining if there are “ARCH effects” should be 
conducted through the use of a linear regression’s residuals. 
 
ii) Summary Statistics 
Tables 1, 2 and 3 contain the summary of statistical results for the 
“forecasted period” of each Index, composed of 2.662 observations (from 
2 January 2003 to 30 July 2013). Returns are calculated as daily changes 
in logarithms (multiplied with 100) of the three examined Indices and 
thus exclude dividend yields. 
 
Table 1: Summary statistics for daily logarithmic returns of the 
NASDAQ 
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Table 2: Summary statistics for daily logarithmic returns of the DJIA 
(INDU) 
 
 
Table 3: Summary statistics for daily logarithmic returns of the S&P 
500 
 
 
There is non-normality in returns regarding all of the three Indices as 
expected owing to a high degree of Kurtosis and Skewness. Furthermore, 
Jarque-Bera’s statistic is highly significant for all of the three Indices, 
driving us to the rejection of the joint null hypothesis of the Skewness 
being zero and the excess Kurtosis being zero. Samples from a normal 
distribution have an expected Skewness of zero and an expected excess 
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Kurtosis of zero, which is the same as a Kurtosis of 3. In terms of 
volatility, NASDAQ (CCMP) has the highest one, mainly because of its 
descriptive characteristics. NASDAQ is the benchmark Index for U.S. 
technology stocks with more than 3.000 listed stocks, including the 
world’s foremost technology and biotech giants such as Apple, Google, 
Microsoft, Oracle, Amazon, Intel and Amgen. S&P 500 (SPX) is 
following NASDAQ regarding volatility, and Dow Jones Industrial 
Average (DJIA or INDU) has the lowest one as expected owing to its 
characteristics. DJIA is a price-weighted average of 30 significant stocks 
traded on the New York Stock Exchange (NYSE) and the NASDAQ. The 
one who invented DJIA was Charles Dow back in 1896. Finally, the three 
Indices’ positive mean is indicative of their general upward trend at the 
last decade, although there were some disharmonies, followed by 
downward trends, like the destructive crisis of 2008. 
 
iii) Theoretical Considerations of Moving Averages and 
Technical Trading Rules 
Investment advisors and markets’ analysts have devoted in a continuously 
search for tools and models that could maximize profits and minimize 
losses. Moving average is one of those tools, but not the only one. 
However, variable moving average rules are considered as the most 
important kind of rules by technical analysts. According to the literature, 
moving average rule is the prevailing one, especially in the existence of 
an upward or downward trend, and the other technical analysis rules are 
considered as complementary and confirmatory. As it has already been 
mentioned, consistent with Dow Theory, trends tend to persist in 
anticipation of reversal signals. In line with Fang and Hu (2002) and 
James (1968), if a big “bull” or “bear” market is observed, the probability 
that the rise or fall will continue for some time exceeds 0,5. 
 
It is common in the literature, a moving average rule to be coupled with a 
filter band (x %). In the case of a security fluctuation within a narrow 
price range for any appreciable time period, market entry should be 
avoided (James, 1968). So, investors’ protection from a “whiplash” 
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transaction is the reason for a filter band rule being utilized. In this work, 
a short (MAS) and a long period (MAL) moving averages will be used 
coupled with a filter band (x %). So, a buy (sell) signal is going to be 
generated when the short moving average penetrates the long moving 
average on the upside (downside) by at least x%. Thus, if the short 
moving average is inside the band, no signal is generated. Apart from the 
gross profits, transaction costs should be taken into account. Large 
numbers of trade may cause important losses because of commission 
fees, reducing the profit by substantial amounts. Filter bands’ purpose is 
to protect investors from executing ineffective transactions, avoiding at 
the same time the “unnecessary” commission fees. 
 
This study will focus on the unweighted (simple) moving average dual-
crossover trading rule. As Bredin and Hyde (2002) said, while the 
exponentially weighted moving average model captures volatility 
clustering, a richer description of behavior is provided by GARCH 
models proposed by Bollerslev (1986) and Taylor (1986). According to 
Alexander (2001), GARCH models are more effective than weighted 
moving averages as far as long term forecasts are concerned. For this 
reason, an optimized strategy is generated by combining GARCH 
models, which effectively capture and forecast volatility and technical 
trading rules (simple moving average) which depict the direction of the 
market. GARCH, and not ARCH, model should be used in this study, 
because GARCH model is a more complete version of the ARCH one. 
Using the GARCH model it is possible to interpret the current fitted 
variance, ht , as a weighted function of a long-term average value (α0), 
information about volatility during the previous period (α1 u2t-1) and the 
fitted variance from the model during the previous period (β σ2t-1) 
(Brooks, 2008 p. 392). The conditional variance equation coupled with 
mean equation in the case of a GARCH (1,1): 
 
Yt=µ + ut,  ut belongs to N (0, σt2) 
σt2=α0 + α1 u2t-1 + β σ2t-1 
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According to the literature, a GARCH (1,1) model will be sufficient to 
capture the volatility clustering in the data. Most of the times, a higher 
order GARCH model is not demanded. 
 
iv) Buy & Sell trading rules based on moving averages 
The technical trading rule (S, L, B) based on the unweighted moving 
average MAS, MAL and the filter band B, with moving average window 
lengths L>S>=1, is defined as follows: 
 
Table 4: Technical trading rules, Buy & Sell Signals 
Buy signals (τiB, i>=1) 
τiB= inf {t:t > τBi-1, MAS[xt]- MAL[xt]>Bxt-1} 
Sell signals (τiS, i>=1) 
τiS= inf {t:t > τSi-1, MAL[xt]- MAS[xt]>Bxt-1} 
Source: Fang and Hu (2002) 
 
In line with Table 4 which classify all trading sessions into buy, sell or 
“hold”, a buy signal is generated when the short moving average 
penetrates from bottom to top the long moving average by a percentage 
change larger than the filter band “B”. Alternatively, if the short moving 
average falls below the long moving average from above by a percentage 
change larger than “B”, a sell signal is given. If the short moving average 
falls between the bands, no trading signal is generated. As stated in this 
section, filter band’s purpose is to minimize unnecessary trades. 
Moreover, if the short moving average fails to penetrate the long one 
from the bottom to top or from above to bottom by a percentage “B”, no 
trading action is demanded. More explicitly, the investor is expected to 
maintain an open position, a long or a short one, instead of exiting the 
current position even if the following signal requires no trading action 
(hold) to be taken on that day. Thus, the trader is going to exit the current 
position, only in the presence of a reversal signal. 
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v) GARCH time series trading rules 
It is well-known that stock market data tend to have volatility clustering 
as mentioned above, identified by periods of high, medium and low levels 
of volatility. GARCH models are popular means of modeling market 
volatility. Literature serves a lot of “success stories” of daily GARCH 
forecasts. The significant buy and sell signals a lot of studies have 
reported using GARCH models when analyzing stock market data is 
considered the documented success of this kind of model in producing 
correct buy and sell signals. The autoregressive (AR) models with 
GARCH components make the variance of the residuals predictable and 
successfully capture the stylized facts of the conditional second moment 
of returns, such as thick tails and volatility clustering (Fang & Xu, 2002). 
In table 5, the trading rules based on a one-period forecast generated by 
the GARCH model is denoted: 
 
Table 5: Trading rules of GARCH generated time series 
Buy signals (τiB, i>=1) 
τiΒ=Ε(yt  It-1)> δ  
Sell signals (τiS, i>=1) 
τiS=Ε(yt  It-1)< -δ 
  
Source: Fang and Hu (2002) 
 
As stated by Fang and Hu (2002), a trading signal is generated in the 
current period (t-1) if the forecasted return in period t is either above or 
below a constant δ, based on the information set It-1, where It depends on 
the model specification of yt (log difference of the Indices). The constant 
δ should be a reasonable proxy for trading costs, taking on non-zero 
values, but in the absence of convincing reasons for a specific constant 
level to be chosen, it is simply taken to be zero. Thus, a buy (sell) signal 
is generated in t-1 if the GARCH forecast of return in time t is simply 
positive (negative). 
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vi) Combined trading strategies 
The third leg of the trading model contains the combination of the trading 
rules arising from the two quantitative procedures analyzed above. As far 
as combined trading strategy is concerned, it can be rationally concluded 
that a buy (sell) signal is generated at time t-1if both the technical trading 
rule and time series forecasting model emit a buy (sell) signal, based on 
the information set It-1. The trading strategy combining the 
abovementioned quantitative procedures is expected to get rid of 
unnecessary trades; producing fewer buy and sell signals, increasing at 
the same time investors’ profitability in a costly trading environment. 
 
vii) Standard statistical analysis 
After the acquisition of the returns conditional on buy or sell signals 
through each of the three examined quantitative procedures, i.e. technical 
trading rules, time series model and their combination, the significance of 
that conditional returns should be checked through their comparison to 
the unconditional returns, i.e. the returns generated through the buy-and-
hold strategy. The above comparison should be carried out between the 
return mean conditional on buy or sell signals and the unconditional 
return mean. Furthermore, the statistical difference between the return 
means conditional on buy and sell signals should be tested. Table 6, 
illustrates the methodology behind the buy and sell returns as well as their 
associated t-statistics. 
 
 
 
 
 
 
 
  
21  
  
Table 6: Formulation of Buy and Sell returns and their significance 
tests 
*3 
Source: Brock et al (1992), Fang and Xu (2002) 
 
Essentially, the three t-statistics are used to test whether buy (sell) returns 
mean is no different from the unconditional mean (null hypotheses). If the 
null hypothesis holds, in other words, if insignificant t-statistics are 
observed, neither the two trading rules in isolation nor the combined 
strategy could “beat” the Index, providing more favorable returns. On the 
other hand, if significant t-statistics are observed, (obviously 
accompanied by positive conditional on buy signal returns mean and 
negative conditional on sell signal returns mean) the two different trading 
rules or the combined strategy would be capable of “beating” the Index. 
Alternatively stated, if significant t-statistics are observed, the examined 
trading rules or their combination could “beat” the buy-and-hold strategy. 
In that case, as a result of the presented trading rules and the final model 
usage, extra value should be created in favor of the investors. 
                                                                                                                          
3  According to Lutkepohl and Fang Xu (2010), for forecasting and economic analysis many variables 
are used in logarithms (logs). In time series analysis, this transformation is often considered to stabilize 
the variance of a series. For a range of economic variables, substantial forecasting improvements from 
taking logs are found if the log transformation actually stabilizes the variance of the underlying series.  
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Furthermore, under the null hypothesis that technical rules do not produce 
useful signals the fraction of positive returns should be the same for both 
buys and sells (null hypothesis) (Brock et al, 1992). The null hypothesis 
should be rejected only if a statistical difference between “buy-sell” and 
zero is observed. In other words, the null hypothesis should be rejected 
only if there is statistically significant difference between the conditional 
on buy signals mean return and the conditional on sell signals mean 
return. A two tailed test will be used to be checked if the null hypothesis 
holds with a significance level of 5%. The quantity “buy-sell”, measures 
the predictive power for excess returns of the trading rule over the “buy-
and-hold” strategy (Fang and Xu, 2002).   
 
4. EMPIRICAL	  RESULTS	  AND	  
INTERPRETATION 
  
In this section will be presented the research’s results in accordance with 
the methodology discussed in the previous section. The findings are 
divided into three categories, namely technical trading rules, time series 
forecasts and the combined trading strategy. Data-snooping problem was 
partially countered through the using of eight different trading rules and 
the utilization of a large enough number of observations. It should be 
noted that neither dividends nor trading costs were taken into 
consideration in the context of this study. Finally, the trader either moves 
out of the market or sells short on the occurrence of the sell signal. In 
contrast, the trader buys an Index’s stock on the occurrence of the buy 
signal. 
 
i) The moving average strategy 
Results from the moving average dual-crossover trading rules are 
presented in the tables 7, 8 and 9 for NASDAQ, DJIA and S&P500 
respectively.  
 
The chosen moving average dual-crossover trading rules are 30-200, 10-
200, 5-200 and 2-200 with 1% and 2% filter band. The 200 days time 
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span is considered one of the most reliable long term stock market cycles. 
This long term stock market cycle that is often used in literature as the 
long term moving average in a dual-crossover trading rule was 
recommended by William Gordon (1968). Concerning the 30 days’ short 
term moving average, it was suggested by Demopoulos (1997) and Pring 
(2002, p. 163). Furthermore, in line with the literature, the short term 
moving average of 10 days like the 30 days one is considered a valuable 
choice (Pring, 2002, p.163). Finally, the 5-200 and 2-200 combinations 
are mentioned a lot of times in the literature. According to Gençay (1996, 
p. 166), 5-200 and 2-200 are two of the most popular moving average 
trading rules due to their effectiveness.  
 
In terms of the two suggested filter rules, along with the literature, there 
are six different filter rules that technical analysts frequently use in an 
attempt to reduce the whiplash trades, 1%, 2% and 3% filter band (their 
functioning was explained in the previous section) and 1, 2 and 3 days’ 
filter band. About days’ filter band, an investor who chooses the 1 day’s 
filter rule should buy a stock when the short moving average penetrates 
the long one from the bottom to top and this penetration lasts at least one 
day. Obviously, the usage of the 2 and 3 days filter rule respectively is 
exactly the same. In general, the 3% and the 3 days’ filter rules are 
considered the most rigorous, constructed to help the investors to avoid all 
or almost all whiplash trades, whilst the 1% and the 1 day’s filter rule are 
considered the “loose” rules of the family. The 1% and 2% filter rules 
were used in this study. The 3% rule was avoided due to the well known 
blame for the Dow Theory that it gives delayed buy (sell) signals, 
especially when a filter band is added in the analysis, let alone the largest 
one. 
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The columns N (buy) and N (sell) are the total number of buy and sell 
days respectively, while the total number of long and short positions (each 
position is taken as one trade) is depicted by N (trades). In each trading 
strategy the respective mean buy and sell returns are denoted by Buy and 
Sell, while at the last column, Buy-Sell measures the spread between the 
returns. The Probabilities related to the t-statistics alluded to in the 
preceding section are presented in parentheses. The abovementioned 
notations hold for every trading rule’s results that are going to be 
presented through the respective tables in this section.   
Table 7: Standard test results for the moving average rules (NASDAQ) 
Concerning the last column, Buy-Sell: 
· (P-value): The use of the trading rule caused losses comparing to the “buy-and-
hold” strategy and insignificant t-statistics were observed. 
· (P-value)*: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy, but insignificant t-statistics were observed. 
· (P-value)**: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy and significant t-statistics were observed. 
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The research’s results regarding NASDAQ, presented in table 7, are 
indicative of the moving average trading rules’ inability to “beat” the 
“buy-and-hold” strategy. The use of all suggested trading rules caused 
losses comparing to “the buy-and-hold” strategy, in accordance with the 
last column, “Buy-Sell”, while insignificant t-statistics were observed. 
The superiority of “buy-and-hold” strategy is also confirmed, looking at 
the unconditional return mean in table 1 (0, 037422%). It is rationally 
observed that the number of buy days override the number of sell days 
because NASDAQ is an index which is characterized by an upward trend.  
 
Table 8: Standard test results for the moving average rules (DJIA) 
 
 
In table 8, concerning DJIA, even though the average return (%) of “Buy-
Sell” is 0, 01912, i.e. lower than the unconditional return mean of DJIA, 
0,023325 (table 2), there are four trading rules which are providing more 
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favorable returns comparing to the “buy-and-hold” strategy. However, 
these results are not statistically accepted taking into account the 
respective probabilities in the parentheses. It is rationally observed that 
the number of buy days override the number of sell days as a result of 
DJIA’s upward trend. 
 
Table 9: Standard test results for the moving average rules (S&P500) 
 
 
In table 9, the standard test results for S&P500 are provided. As far as the 
“Buy-Sell” column is concerned, it is observed that all the examined 
trading rules offer more positive returns comparing to the “buy-and-hold” 
strategy (the unconditional mean return is 0,024432, table 3), but these 
positive mean returns are accompanied by insignificant t-statistics. The 
latter means that these favorable results are not statistically confirmed. It 
is implied that there is no significant difference between the returns 
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provided through the usage of the eight trading rules and the 
unconditional returns. The latter implication is also amplified through the 
N (buy) and N (sell) columns’ observed probabilities which are indicative 
of insignificant t-statistics. Finally, it is rationally observed that the 
number of buy days override the number of sell days in consequence of 
S&P500’s upward trend. 
 
About the sell returns, the average return is negative -0, 00933%, with all 
probabilities imply insignificant t-statistics. Negative mean sell returns 
were recorded across all but one of the trading rules during the entire 
sample period. These negative mean sell returns are especially 
noteworthy, and if the average sell returns of the other two examined 
Indices are taken into consideration, cannot be explained by various 
seasonalities that influence the stock markets’ returns. Indeed, many 
previous studies found that returns are predictable. Concerning S&P500, 
we found that all but one moving average trading rules are able to capture 
some predictable components, but the latter should not be taken for 
granted because of the implied insignificant t-statistics, especially 
regarding the last two columns (Sell and Buy-Sell).  
 
A supposed predictability should reflect either changes in expected 
returns that result from an equilibrium model or market inefficiency. As 
stated by Brock et al (1992 p. 1740), although rational changes in 
expected returns are possible, it is hard to imagine an equilibrium model 
that predicts negative returns over such a large fraction of trading days. 
So, the market inefficiency should be the reason behind these negative 
mean sell returns.  
 
To sum up, the results provided by the moving average strategy, 
regarding the three examined Indices, are not indicative of any kind 
moving average trading rules’ superiority against the “buy-and-hold” 
strategy. The latter is strongly confirmed from the insignificant t-statistics 
implied by their respective probabilities. 
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ii) Time series forecasts’ strategy 
The reasons behind the choice of a GARCH (1, 1) model have been 
mentioned in the previous section. In line with Nelly and Weller (2002), 
the suitability of this model in capturing various features of observed 
financial time series, especially volatility clustering, is unquestionable. 
 
To explain the process that leads to forecasts’ production, it should be 
noticed that it is advisable the specific characteristics of the examined 
time series to be checked. It is common in the context of financial time 
series, the unit root hypothesis to be tested by means of the Augmented 
Dickey Filler test. The ADF statistics concerning the time series of 
NASDAQ (CCMP), DJIA (INDU) and S&P500 (SPX) are presented in 
table 10, 11 and 12 respectively. The time series of the three examined 
Indices seemed to be stationary after their transformation into first log 
differences. The latter is evidenced by the highly significant t-statistics. 
 
Table 10: Stationarity of NASDAQ’s time series 
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Table 11: Stationarity of DJIA’s time series 
 
 
Table 12: Stationarity of S&P500’s time series 
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The next step is the choice of the appropriate mean equation. Concerning 
NASDAQ (CCMP), after numerous trial and error estimations, working 
with log returns, the modeling strategy for the conditional mean equation 
is based on an ARMA (4, 4) specification, which is appropriately selected 
by evaluation of significant t-statistics and the lowest Akaike Information 
and Hannan-Quinn Criterion. 
 
As far as DJIA (INDU) is concerned, working with log returns, the 
modeling strategy for the conditional mean equation is based on an 
ARMA (4, 4) specification, which is appropriately selected by evaluation 
of significant t-statistics and the lowest Akaike Information Criterion 
accompanied by a small Hannan-Quinn Criterion. 
 
Finally, regarding S&P500 (SPX), working with log returns, the 
modeling strategy for the conditional mean equation is based on an 
ARMA (2, 2) specification, which is appropriately selected by evaluation 
of significant t-statistics, while the validity of the chosen specification 
was confirmed by all the three different information criteria, i.e. in that 
specification showed up the lowest values of the well known information 
criteria, Akaike Information Criterion, Hannan-Quinn Criterion and 
Schwarz criterion. Now, it’s time for the three GARCH (1, 1) models to 
be estimated. 
 
For the estimation of the GARCH (1, 1) model were used the first 2.520 
observations (from 4 January 1993 to 31 December 2002) and 2.662 
observations were kept for forecasting (from 2 January 2003 to 30 July 
2013). In this study, static forecasts were generated. Static forecasts are 
series of rolling one-step ahead forecasts for the conditional variance. The 
estimation results of the GARCH (1, 1) model for NASDAQ, DJIA and 
S&P500 are presented in table 13, 14 and 15 respectively. 
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Table 13: Parameter estimates for time series specification (NASDAQ) 
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Table 14: Parameter estimates for time series specification (DJIA) 
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Table 15: Parameter estimates for time series specification (S&P500) 
 
 
As far as the ARMA (4, 4)-GARCH (1, 1) model related to NASDAQ, 
the ARMA (4, 4)-GARCH (1, 1) model related to DJIA and the ARMA 
(2, 2)-GARCH (1, 1) model related to S&P500 are concerned, the 
coefficients on both the lagged squared residual, RESID (-1) ^2, and 
lagged conditional variance terms, GARCH (-1), in the conditional 
variance equation are highly statistically significant. Moreover, as is 
typical of GARCH model estimates for financial asset returns data, the 
sum of the coefficients on the lagged squared error and lagged 
conditional variance is very close to unity. Indeed, this phenomenon is 
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observed to the three independently estimated GARCH (1, 1) models. 
Thus, the GARCH models’ coefficients imply stationarity in variance. 
According to Brooks (2008 p. 403), a large sum of these coefficients will 
imply that a large positive or a large negative return will lead future 
forecasts of the variance to be high for a protracted period. Undoubtedly, 
the latter is a highly undesirable property. 
 
Concerning time series trading rules’ results, table 16 displays the results 
of the ARMA (4, 4)-GARCH (1, 1) model related to NASDAQ, the 
ARMA (4, 4)-GARCH (1, 1) model related to DJIA and the ARMA (2, 
2)-GARCH (1, 1) model related to S&P500, accompanied by the 
probabilities related to the respective t-statistics. It is reminded that a buy 
(sell) signal is generated in time t-1if the GARCH forecast of return in 
time t is positive (negative). 
 
Table 16: Standard test results for the GARCH trading rules 
Concerning the last column, Buy-Sell: 
· (P-value): The use of the trading rule caused losses comparing to the “buy-and-
hold” strategy and insignificant t-statistics were observed. 
· (P-value)*: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy, but insignificant t-statistics were observed. 
· (P-value)**: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy and significant t-statistics were observed. 
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In contrast to the results presented in table 7, 8 and 9 regarding moving 
average strategy, the number of buy and sell trading days are significantly 
higher and the number of trades required has also risen. This phenomenon 
can be explained taking into account the exclusive characteristic of the 
time series forecasts’ strategy to classify every day into a buy or sell day, 
not allowing for non active trading days. 
 
Additionally, it is observed a noteworthy difference between the moving 
average strategy and the time series forecasts’ one regarding the last three 
columns of table 16. Particularly, concerning “Buy-Sell” column, 
extremely negative returns are observed as a result of the time series 
forecast trading rules’ usage. These results are much more disappointing 
than the results provided by the technical trading rules, while they are 
accompanied by probabilities implying insignificant t-statistics. Finally, it 
is rationally observed that the number of buy days override the number of 
sell days in consequence of the three Indices’ upward trend. 
 
iii) Combined strategy  
The eight combined strategies evaluated for NASDAQ, DJIA and 
S&P500 in tables 17, 18 and 19 respectively, are based on the technical 
trading rules examined in tables 7, 8 and 9 and the respective ARMA-
GARCH models examined in table 16. Below, the empirical results are 
presented. 
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Table 17: Standard test results for strategies combining technical 
trading rules and time series forecasts (NASDAQ) 
Concerning the last column, Buy-Sell: 
· (P-value): The use of the trading rule caused losses comparing to the “buy-and-
hold” strategy and insignificant t-statistics were observed. 
· (P-value)*: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy, but insignificant t-statistics were observed. 
· (P-value)**: The use of the trading rule led to better returns comparing to the “buy-
and-hold” strategy and significant t-statistics were observed. 
 
It is observed, in table 17, regarding NASDAQ, that the combined 
strategy did not offer better results than the technical trading rules in 
isolation as the average return of the “Buy-Sell” column was 0, 00457% 
in table 7 and in the above table 17 is 0, 00422%, but it should be 
mentioned that the predictability of the combined method is observed to 
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be enhanced in comparison to the time series forecasts’ trading rule as the 
mean return of the “Buy-Sell” column concerning NASDAQ’s GARCH 
trading rule was a negative 0, 06747% and the average return regarding 
NASDAQ’s combined strategy was a positive 0, 00422%. Overall, the 
combined trading rule usage caused losses comparing to the “buy-and-
hold” strategy (0, 037422% mean return) and insignificant t-statistics 
were observed. 
 
Table 18: Standard test results for strategies combining technical 
trading rules and time series forecasts (DJIA) 
 
 
In table 18, it can be seen that for the combined trading rules 
accompanied by the 1% filter rule, and especially for GARCH 
(1,1)/(5,200,1%) and GARCH (1,1)/(2,200,2%) trading rules, the number 
of the trades was reduced. The latter is one of the most important 
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combined strategy’s characteristics. This characteristic should be helpful 
regarding the improvement of investors’ profitability. In terms of the 
effectiveness of the combined trading rules regarding DJIA, it can be seen 
through the average return (%) of the “Buy-Sell” column that the 
combined trading strategy (0, 03443% mean return) outperformed the 
technical trading strategy in isolation (0, 01912% mean return), while it is 
observed that seven out of eight combined strategy’s trading rules led to 
better returns comparing to “buy-and-hold” strategy. Additionally, the 
combined strategy easily outperformed the time series forecasts’ strategy 
in isolation. To sum up, the combined strategy offered better returns in 
comparison to the other two strategies in isolation and the “Buy-Sell 
column’s average return (%) surpassed the unconditional return mean (0, 
023325%). However, insignificant t-statistics are observed, more 
importantly about the “Buy-Sell” column, implied by the respective 
probabilities in the parentheses. As it has been mentioned, the null 
hypothesis of the combined strategy not having any power to forecast 
price movements should be rejected only if there is statistically 
significant difference between the conditional on buy signals mean return 
and the conditional on sell signals mean return. 
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Table 19: Standard test results for strategies combining technical 
trading rules and time series forecasts (S&P500) 
 
 
Again, in table 19, it is observed that three of the four strategies 
combining technical and time series forecasts’ trading rules accompanied 
by the 1% filter band, provided fewer trade signals than the moving 
average and time series forecasts’ strategy in isolation. As far as the 
profitability is concerned, the combined strategy outperformed the 
moving average strategy according to the average return of the “Buy-
Sell” column (0, 05681% for the combined strategy and 0, 04691% for 
the moving average one). Also, the combined strategy easily 
outperformed the GARCH trading rules strategy. In general, S&P500 
seems to be the most predictable Index, because all the trading rules 
provide better returns than those of the benchmark model (buy-and-hold 
strategy) and the best average returns (%) regarding the “Buy-Sell” 
column of the combined strategy and the moving average strategy in 
isolation are observed in tables 9 and 19, which are referred to S&P500 
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trading rules’ results. However, the combined strategy like the moving 
average strategy concerning S&P500 should not have the power to 
forecast price movements. The latter is confirmed through the observed 
insignificant t-statistics implied by the probabilities in the parentheses. 
 
5. CONCLUSIONS	  AND	  RECOMMENDATIONS	  FOR	  
FURTHER	  RESEARCH	  
The improved average spread between buy and sell returns, mainly 
regarding DJIA and S&P500, for combined strategies render them 
superior relative to using the abovementioned methods in isolation. 
However, the observed insignificant t-statistics implied by their 
respective probabilities, regarding the three different methods usage, are 
indicative of the examined trading rules’ inability to “statistically” beat 
the benchmark “buy-and-hold” model. In other words, the insignificant t-
statistics are indicative of the three methods inability to really forecast 
price movements. The main conclusion of this study is that NASDAQ, 
DJIA and S&P500 are efficient stock markets. The meaning of the latter 
has been discussed in the first section. 
 
However, investors should be cautious about the provided results. Firstly, 
the results are only suggestive given that the t-statistics do not follow a t-
distribution, which assume independent, stationary and asymptotically 
normal distributions. These assumptions certainly do not characterize the 
returns from the three examined Indices series. According to Brock et al 
(1992), this problem can be addressed by using bootstrap methods. 
Secondly a significant range of moving averages has been examined, so 
the possibility of data mining has to be considered. Finally, trading rules 
introducing filter bands can be questioned because the best filter rule 
cannot be anticipated in advance and it is also unlikely that an optimized 
in-sample filter would be appropriate in the future. 
 
This analysis can be improved in several ways, for example introducing 
transaction costs or implementing different horizons of investment and 
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non-synchronous trading. As stated by Fang and Xu (2002), investigation 
into the predictability of time series models can be extended beyond the 
use of the benchmark GARCH (1, 1) model, to include variants of the 
GARCH family. Finally, Fama and Macbeth (1973) and Foster and 
Nelson (1996) studied rolling regressions to estimate rolling sample 
variance estimators. Their central motivation for using only the most 
recent data was to allow the model parameters to change over time. The 
latter method could be implemented in the context of this kind of studies. 
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